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Camera-based Recovery of Cardiovascular Signals from Unconstrained

Face Videos Using an Attention Network

Yogesh Deshpande

(ABSTRACT)

This work addresses the problem of recovering the morphology of blood volume pulse (BVP)
information from a video of a person’s face. Video-based remote plethysmography methods
have shown promising results in estimating vital signs such as heart rate and breathing
rate. However, recovering the instantaneous pulse rate signals is still a challenge for the
community. This is due to the fact that most of the previous methods concentrate on
capturing the temporal average of the cardiovascular signals. In contrast, we present an
approach in which BVP signals are extracted with a focus on the recovery of the signal
morphology as a generalized form for the computation of physiological metrics. We also place
emphasis on allowing natural movements by the subject. Furthermore, our system is capable
of extracting individual BVP instances with sufficient signal detail to facilitate candidate
re-identification. These improvements have resulted in part from the incorporation of a
robust skin-detection module into the overall imaging-based photoplethysmography (iPPG)
framework. We present extensive experimental results using the challenging UBFC-Phys
dataset and the well-known COHFACE dataset. The source code is available at 0UOOO0
0000000000000000000b0000b00000b000bobonoooo.


https://github.com/yogeshd21/CVPM-2023-iPPG-Paper
https://github.com/yogeshd21/CVPM-2023-iPPG-Paper

Camera-based Recovery of Cardiovascular Signals from Unconstrained

Face Videos Using an Attention Network

Yogesh Deshpande

(GENERAL AUDIENCE ABSTRACT)

In this work we are trying to study and recover human health related metrics and the
physiological signals which are at the core for the derivation of such metrics. A well know
form of physiological signals is ECG (Electrocardiogram) signals and for our research we
work with BVP (Blood Volume Pulse) signals. With this work we are proposing a Deep
Learning based model for non-invasive retrieval of human physiological signals from human
face videos. Most of the state of the art models as well as researchers try to recover averaged
cardiac pulse based metrics like heart rate, breathing rate, etc. without focusing on the
details of the recovered physiological signal. Physiological signals like BVP have details like
systolic peak, diastolic peak and dicrotic notch, and these signals also have applications
in various domains like human mental health study, emotional stimuli study, etc. Hence
with this work we focus on retrieval of the morphology of such physiological signals and
present a quantitative as well as qualitative results for the same. An efficient attention
based deep learning model is presented and scope of re-identification using the retrieved
signals is also explored. Along with significant implementations like skin detection model
our proposed architecture also shows better performance than state of the art models for two
very challenging datasets UBFC-Phys as well as COHFACE. The source code is available at
0000000000000000000b0000b0000b000000000000000D000.


https://github.com/yogeshd21/CVPM-2023-iPPG-Paper
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Examples of head movement and occlusion of the face in the dataset UBFC-
Phys [34], highlighting our inclusion of natural movements. Green boxes

indicate face regions that were detected using MTCNN [55]. . . .. ... ..

Example outputs of some of the important cases using our ROI pipeline. The
system extracts the face region and detects skin while excluding major facial

hair and divergent factors such as reflections from eyeglasses. . . . . . . . ..

Our skin segmentation model is an FCN-based encoder-decoder network. This

subsystem generates a face mask in which skin pixels have been detected. . .

The complete proposed architecture. Face extraction is performed by the
MTCNN module, and skin detection is performed on these areas of interest
to recover the required ROI’s. From a single frame difference, the system
generates a single signal value either for a BVP signal or for a temporal

derivative of the BVP signal. . . . . . ... ... .. ... 0.

Examples of the illumination variation covered in the COHFACE dataset.
The figure also represents the data sample variation in terms of age, gender
and skin tone variation. Here we also try to present how the illumination
varies accross the face and especially in the cases with low illumination how
there could be cases with almost partial illumination. This form of illumina-
tion variation when combined with other discrepancies mentioned previously

makes the overall dataset tough to trainon. . . . .. ... ... ... ....
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The two plots (a) and (b) are for two different individuals from the UBFC-
Phys dataset, representing the morphology recovery from our model (top) and
from DeepPhys [5] (bottom) in the respective images. This is a qualitative
representation of how well our model retrieves signal morphology and its
comparison with signal recovery from a state-of-the-art model that focuses

on averaged pulse values. . . . . . ... L

The figure represents the model’s ground truth signal (left half (a), (c¢)) and
its corresponding output from the model (right half (b), (d)) for the same
candidate. The top half (a), (b) represents an aggregated signal whereas the
bottom half (¢), (d) represents the corresponding signal from the top half with
its maximum deviation, minimum deviation and mean. The figure shows how
the over all shape of the signal is retained as well as how both the systolic
and diastolic peaks are recovered by our model. Though signal amplitude is a
variable factor and is not as important as the morphology, the intention here
is to check if the overall aggregated signal is not having large deviations for

a constant amplification factor of the signal. . . . . . . ... ... ... ..

The rank-wise distribution for re-identification is presented here, where the
graph in blue represents the re-identification results for the model trained
using BVP signals, and the graph in red represents the re-identification results
for the model trained using first derivative BVP signals. The variation in the
rank improvement for the BVP as well as first derivative BVP based model

is explained more in 4.5. . . . . ...
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Attention maps in cases with variation with hair color, facial hair and cases
like partial occlusion. We can see how the model focuses on the correct ROI’s

as expected irrespective of the physical variations. . . . . . . . ... .. ...

Attention maps in cases with variation with skin color, glair reflection, physique
variation and cases like off-frame area of interest (face in our case). We can see
how the model incorporates all the variations and gives consistent attention

maps even with variation in skin color or off-frame cases. . . . . . . . . . ..
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This table is a compilation of the different available datasets curated by mul-

tiple research groups. . . . . . . ...

Domain-wise morphology metrics outcomes for our model pipelines and for

DeepPhys without any post-processing of the output signals. . . . . . . . ..

Domain-wise morphology metrics outcomes for our BVP first derivative-based
model pipeline and DeepPhys after integrating output signals to get them in

original BVP signal format. . . . . . . ... ... 0oL
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dataset, in terms of heart rate measurements in beats per minute (HR bpm)
[9, 11, 15, 40]. Comparisons have been made with literature using available
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Performance (HR BPM-MAE) of our technique in comparison with previously
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Devices that perform convenient measurements of physiological signals have grown in pop-
ularity in recent years. For example, wearable devices by Fitbit [8], Apple [20], AliveCor
[1], and others are capable of monitoring heart rate and other vital metrics. In addition
to wearable devices, researchers have also considered the use of camera-based monitoring
of physiological signals (e.g., [25, 35, 50, 52]). Circumstances such as the novel coronavirus
pandemic have also increased awareness of benefits that can be obtained from convenient,
noninvasive devices [26]. Unlike systems that require contact with the body, camera-based
systems have the potential to be less intrusive in many situations like patient monitoring,
driver monitoring [24, 36, 44, 46]. Chen et al. [5] have developed imaging-based systems
that benefit from deep-learning techniques. However, more work is needed in sensing instan-

taneous (instance-level) physiological metrics [22].

This work is concerned with monitoring the cardiovascular system through the analysis of
image sequences from standard RGB video cameras. Sample frames are shown in Figure 1.1.
The approach is based on the principle that each beat of the heart causes blood volume
pulses (BVP) to travel through the body; these pulses cause slight changes in reflectance
near the skin that are captured by the camera. The resulting intensity changes are very

faint and are not noticeable with the unaided eye. The general framework is known as
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Figure 1.1: Examples of head movement and occlusion of the face in the dataset UBFC-
Phys [34], highlighting our inclusion of natural movements. Green boxes indicate face regions
that were detected using MTCNN [55].

remote photoplethysmography (iPPG), which refers to the use of light to perform remote

measurements of volumetric changes.

In recent years, there has been a significant effort toward studying cardiovascular signals us-
ing camera-based iPPG. However, most previous approaches have focused on scenarios where
the subject’s head remains stationary during the measurement process. In contrast, our work
emphasizes the need to accommodate relatively large head movements. These movements
pose significant challenges in detecting skin regions and measuring intensity changes accu-
rately and reliably. Moreover, several confounding factors complicate the problem further,
such as facial hair, eyeglasses, occlusion of the face, and variations in skin tone across sub-
jects. Our work proposes a novel approach to address these challenges and improve the
accuracy and reliability of camera-based recovery of cardiovascular signals in scenarios with

significant head movements.
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One of the key distinguishing features of our work is the focus on extracting individual
BVP instances with good approximations of the underlying volumetric signal shape. Unlike
previous systems that estimate average heart rate (HR), our approach has the potential to
provide information related to inter-beat intervals and heart-rate variability (HRV). Another
potential benefit of a pulse-level signal information is the ability to distinguish one person
from another. This work also considers the problem of re-identification based on iPPG

signals. We present a model that can make such re-identification possible.

000 OJOod DDooooioooiboo

In summary, the main contributions of this work are as follows,

1) 00000000 00000000 DO0000000 The method relies on a deep network that incorporates a
novel attention branch with a refined region of interest that emphasizes skin detection and

also handles cases with facial hair and specular reflection, over a wide range of skin tones.

2) OO0000I000 DOO00000000 The new method emphasizes the recovery of morphology of physi-
ological signals solely from RGB videos of the human face, with emphasis on handling large

head movements and partial occlusion.

3) 00000000 Doo000n0 O00DI0oD00O0 OOohiood We present quantitative experimental results
that demonstrate improved estimates of heart rate, as compared to previous state-of-the-art

methods.

4) D00000I0OD0 C000000T We present recovered time-variant physiological signal-based metrics

and propose a standardized approach that could be followed by future researchers.

5) 000I0000000000000 We introduce a candidate approach to subject re-identification, based on

the recovered signals from the proposed model rather than averaged cardiovascular metrics.
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Our work therefore has the potential for use in biometric authentication tasks.

6) 0000001000 OO0 DD DIo0miooo 00000000t Rather than handpicked regions of interest
(ROI), our model targets generalization even in extreme cases including partial candidate
visibility, occlusion cases, specular reflections from the skin as well as cases such as facial

hair; all of them are addressed by our model.
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The research on remote photoplethysmography (iPPG) is based on the biological background
where when the visible light goes between 4 to 5mm below the skin surface and the light
absorbing components in the skin called chromophores like hemoglobin, change their content.
These changes are seen in every pump cycle of the heart which bring up variation in the skin
color but is not visible to the human eye. This same phenomenon could be observed using
RGB sensors like camera where photoplethysmography comes into play. The approaches
considered to work with this idea are generally signal processing based, supervised learning

based or unsupervised approaches and their combinations.

0i0  0U0000IooT Uobouitb tootd bobbooobod

One such deep learning based approach is presented in the paper ‘DeepPhys: Video-Based
Physiological Measurement Using Convolutional Attention Networks’ by Weixuan Chen and
Daniel McDuff [5]. In this paper the authors are trying to suggest an architecture which
allows visualization of spatial-temporal distributions of physiological signals using attention
network-based architecture which could also be used to retrieve heart rate and breathing rate.
The method is a video based implementation which also considers motion representation

based on a skin reflection model and the devised attention mechanism.
Similarly, in the paper ‘RhythmNet: FEnd-to-end Heart Rate Estimation from Face via

5
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Spatial-temporal Representation’ by Xuesong Niu 001 00 [28] the authors propose a method
for heart rate estimation with an approach based on the generation of a spatial-temporal
mask and further using them in a convolution network in order to estimate the heart rate val-
ues. They also come-up with a new dataset VIPL-HR specifically created with an intension

of working in the area of remote heart rate measurement.

But on the other hand, considering simple CNN based implementations we have the paper
“Visual Heart Rate Estimation with Convolutional Neural Network’ by Radim Spetlik 010 01
[40] in which the authors present a two-step straightforward convolutional neural network
to estimate the heart rate from facial images. They also address the lack of variability in
the datasets available at that time and have developed their own dataset with essential

illumination variation and motion variation among the subjects.

Addressing more on architectures which work towards nullifying the affect on iPPG mea-
surements due to external variations there is this paper ‘Video-based Remote Physiological
Measurement via Cross-verified Feature Disentangling’ by Xuesong Niu 000 0T [29] through
which the authors propose a unique deep learning based implementation where they are
trying to address the issue generated due to the overlap of physiological as well as non-
physiological parameters in the iPPG based contactless measurements. The disturbances
caused due to motion, variation in light, etc. are considered here as the non-physiological
parameters and using the cross-verified disentangling strategy they propose a method to
retrieve the physiological parameters. They also propose a method to retrieve multi-scale
spatial-temporal maps from input frames which are useful for highlighting the physiological

information in the face videos.

On the same lines using deep learning techniques but addressing advanced issues like video
compression there is this paper titled ‘Remote Heart Rate Measurement from Highly Com-

pressed Facial Videos: an End-to-end Deep Learning Solution with Video Enhancement’ by
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Zitong Yu 000 00 [53] in which the authors propose an architecture which address the video
compression loss as well as measures iPPG signals from highly compressed videos with its
help. The method is divided into two parts where one is the input video enhancement based
on a unique network and the other part is an attention based network which is used for
retrieving the iPPG signals. The authors have named the first block as STVEN (Spatio-

Temporal Video Enhancement Networks) and the next one as rPPGNet.

N O o o A

Further addressing the overlap of signal processing and unsupervised learning based methods
for iPPG based implementations we have the paper ‘An Open Framework for Remote-PPG
Methods and Their Assessment’ by Giuseppe Boccignone 00l 00 [3] where authors have
developed an open source iPPG package named pyVHR which stands for Python tool for
Virtual Heart Rate. They introduce a logical pipeline useful for addressing the heart rate,
heart rate variability and BVP signals in general. They also highlight some important points
in the paper where they have mentioned the importance of standardization required in iPPG
related research. As the variation in preprocessing, usage of data, testing on across datasets
as well as different types of postprocessing methods applied by the various implementations
makes the comparison of the different techniques invalid or difficult. They suggest a need
of standardization in terms of preprocessing or in general steps as such which have been

followed in many implementations and benefit the iPPG related results and implementation.

Similarly in the paper ‘Real-Time Webcam Heart-Rate and Variability Estimation with
Clean Ground Truth for Evaluation” by Amogh Gudi 000 00 [11] the authors suggest an
approach to recover the iPPG signals in real time such that it calculates the heart rate and

gives out the pulse waveform to time heart beats and heart rate variability. They also focus
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on performing this as an unsupervised approach which brings a completely unique aspect,
as the major data-based training procedure is removed. They have also introduced a new
dataset named VicarPPG2 which is specifically useful for heart rate and heart rate variability

measurements.

Ooi0  0i0000 Oooooooodo

Using signal-processing techniques,the variation in average brightness of skin pixels is tracked
over time [47]. This variation is too subtle to be noticed by human eyes without digital
magnification [35]. Wu et al. [49] proposed a method to amplify such subtle changes. The
method, commonly referred to in the literature as VidMag, takes a video sequence as input
followed by temporal (band-pass) filtering of frames. The resulting signal after amplification
was used to reveal hidden signals. Similarly, Garbey et al. [10] made use of sensitive thermal
cameras to acquire the signals from major superficial vessels of face and neck regions. Fourier
methods were used to measure cardiac pulse amplitudes. The main problem with these
methods is the stability of the face in videos. The observed face is expected to remain
stationary, and even small movements cause significant noise during PPG signal recovery.
Later, researchers began utilizing a combination of signal-processing techniques and facial

tissue trackers to tackle this problem [57].

Oi0  OO0didiioboobo

Every individual possesses a heart and associated vascular system that are inherently unique.
When sensing physiological signals such as PPG and ECG, differences between individuals

can lead to distinctive characteristics that can be leveraged for the purpose of biometric
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authentication [14, 37, 38]. Various research works have shown promising efforts in the
field of authentication using contact sensor-based PPG [18]. However, the development
of biometric authentication systems using camera-based PPG (rPPG) signals has been a
challenging task due to various factors. One of the primary challenges is the presence of
noise in iPPG signals, which can lead to inaccurate results. Additionally, the recovery of

morphology from iPPG signals has been a difficult task for researchers [23, 30].

Oi0  O00bibooidbol »gobbooooogoo

As far as architectures are concerned for the study of deep learning based iPPG methods,
they have evolved a lot over the years and have included many different components/modules
addressing the problem at a deeper level. Initially the process included face detection, ROI
segmentation and further signal processing based on the retrieved ROI’s. This approach was
too naive for generalization and did not serve the demanded outcomes. Then with all the
different approaches mentioned previously, different techniques and architectural approaches
were made available to the research community. Starting with the architecture suggested in
the paper DeepPhys which was divided into two parts, a motion model and an appearance
model. The motion model was more of a VGG-style CNN model which was useful for
identifying the physiological signals based on the motion representations and the appearance
model was the attention network devised in order to focus on the skin segmentation such
that the predictions are derived based on the expected portions of the face. Similarly in
case of the paper Rhytmnet the architecture starts with face detection where they used
the SeetaFace face detector and thereby identify 81 facial landmarks. Once the faces are
detected and with the corresponding landmarks skin segmentation is done. These processed

frames are further converted to YUV color channel and from n face ROI blocks, from which
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the respective YUV signals are retrieved. These retrieved signals thus generate the spatial-
temporal map which is further used with the convolution network to generate the heart rate
signals. The format of the convolution layers is equivalent to the ResNet-18 architecture and

the color space transformation from RGB to YUV is computed using,

2 3 2 32 3 2 3

Y 0:299 0:587 0:114 R 0

gué g 0:169  0:331 %geé + 5128§ (2.1)
Vv 0:419 0081 B 128

When addressing advanced issues like video compression the paper ‘Remote Heart Rate

Measurement from Highly Compressed Facial Videos: an End-to-end Deep Learning Solu-

tion with Video Enhancement’ by Zitong Yu 00l 00 [53] similar approaches are used with

additions of physiological and noise encoder.

Moving on to the Unsupervised and Signal Processing based architectures even they tend to
start similar with face area detection and attempts to focus on ROI’s but further they adopt
different signal processing techniques in order to achieve the desired results. Like in the
paper ‘An Open Framework for Remote-PPG Methods and Their Assessment’ by Giuseppe
Boccignone 000 00 [3], the suggested architecture starts with face extraction using different
methods like MTCNN, Dlib and Kalman based face extraction from the input video dataset.
Further skin detection is implemented on these extracted faces as the next pre-processing
step. They also provide two different options for skin detection one in which standard ROI
is considered as in forehead, nose, cheeks, etc. in terms of rectangular regions and the other
options includes actual skin segmentation which is achieved by converting the frame in HSV
spectrum and then thresholding it based on the possible skin pixel values. Once the ROI’s
are obtained though it be from a rectangular patch R(t) or skin patch S(t), for each frame

an average over all the selected pixels is computed denoted as q(t) and is given as,
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EPamtch(R(t))
q(t) = > (2.2)
- Skin(S(t));
where
1 X o
Patch(R(t)) = N JR('W Ry (1) (2.3)
i=1 (y)2R) (1)
Skin(S . > S 2.4
)= —— wy (T .
NSO = ey Sl (24)

Thus, once the skin detection is performed, from the resultant frame RGB signals are ex-
tracted and in order to suppress noise and outliers band-pass filtering is used to get acceptable
signals in order to perform BVP signal extraction. They provide different methods like FIR
filters, Butterworth IIR filters, Moving Average Filters and methods like detrending so as
to achieve the required state of the signals. After this the developed pipeline offers various
iPPG algorithms for computing the BVP signal which includes methods like ICA (Indepen-
dent Component Analysis), PCA (Principal Component Analysis), GREEN, CHROM, POS
(Plane Orthogonal to Skin), SSR, LGI (Local Group Invariance), and PBV (Pulse Blood

Volume).

00 ooooooo

While there are a plethora of suggested architectures and approaches there is a consistent
talk about the lack of availability of right datasets which could help in iPPG kind of imple-

mentation, to an extent where a custom dataset is developed by many of the groups. The
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dataset VIPL-HR is introduced in [28] which is combination of visible light videos (VIS)
and near-infrared (NIR) videos including variations like head movements, illumination vari-
ations, and acquisition device changes. These samples are collected in a less-constrained
scenario thus trying to produce natural environment for Heart rate estimation which is one
of the major requirements to avoid overfitting or lack of critical learning scenarios. Similarly,
VicarPPG 2 dataset is introduced by [11] which is majorly with an aim of evaluating the
heart rate and heart rate variation estimations for iPPG based methods. But as we mention
more about such application specific datasets there is also data collection seen like in the
case of [34] where the data include videos with natural head motions and ground truth as
blood volume pulse (BVP) signals as well as electrodermal activity. This dataset called the
UBFC-Phys dataset was original created with an application intension for the study of social

stress but even such a dataset is useful in the application of iPPG if used in the right way.

There are different levels of research challenges in this domain of work, and they are high-
lighted along with some potential solution in the paper ‘Camera-Based Physiological Sensing;:
Challenges and Future Directions’ by Xin Liu 001 00 [22]. In this paper the authors mention
the importance of clinical graded equipment, measurements using them and how generally,
coarse measurements like pulse rate and breathing rate are submitted as results in iPPG
work rather than pulse transit time, oxygen saturation and other clinically meaningful met-
rics. Similarly, most of the datasets available do not include vital cases like atrial fibrillation,
other forms of arrhythmia, low oxygen saturation levels (below 85%), high blood pressure,
etc. which could be focused eventually as the aim lies in developing a model which considers

the full spectrum of possible cases.
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Table 2.1: This table is a compilation of the different available datasets curated by multiple
research groups.

0000000 oooo DDDDDDgE 00 00 0O000o00Dooo | Ooo 00 Ooooo 00000 0D0ooog 00oooiog 00000 Ooooo
. 10 60 min Facial Expressions
PURE [41] N (8 male, 2 female) 60 (1 min each) Head Movements PPG
40 Facial Expressions
MMSE-HR [56] N (58 male, 82 female) 102 - Head Movements HR and BP
o ’ ’ Age and Ethinicity
Facial Expressions
. 107 2378 (RGB) o N i )
VIPL-HR [27] N (79 male, 28 female) 752 (NIR) 30 sec. each Head ]\IAOVCI'IICIltb HR and BVP
Illumination
. , . 17 . Facial Expressions
ECG-Fitness [40] N (14 male, 3 female) 207 1 min each Head Movements ECG
. . 30 - - i
MAHANOB-HCI [39] N (13 male, 17 female) 527 - Facial Expressions ECG, EEG
Facial Expressions
Head Movements
Vicar PPG2 [42] N 10 20 90 sec. each Tlumination PPG
Camera Types
Occlusion
DEAP [16] N 22 874 . Facial Expressions PPG
Occlusion
‘ ! 40 o .
COHFACE [12] N (28 male, 12 female) 160 1 min each Tlumination PPG
. Facial Expressions
|4 2
LGI [32] Y 2 100 ) 1 min eg.l('h . Head Movements PPG
(not all) | (20 male, 5 female) ergometer session 5 min S
Illumination
UBFCPPG [2] N 42 42 1 min each Facial Expressions PPG
Head Movements
Facial Expressions
, 56 . Head Movements
UBFC-Phys [34] Y (10 male, 46 female) 168 3 min each Ocelusion BVP and EDA
Facial Hair
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The direction in which we address this problem starts with a generalized approach for the
inclusion of the right data, which also is inclusive of extreme but acceptable cases. Since
we are working with the theoretical concept of Shafer’s Dichromatic Reflection model which
assumes every pixel considered is a skin pixel, to address this assumption we further work
with a skin segmentation model. Having this baseline, we finally work with our convolution
attention model which is a modification inspired by the work in the paper DeepPhys, to

retrieve the target BVP signals.

The data for addressing the problem related to BVP signal retrieval comes with a lot of
discrepancies, especially when it includes cases with extreme head and body movements and
to avoid the situation of garbage-in and garbage-out it needs significant preprocessing. As a
part of preprocessing we made sure we align the ground truth BVP signal samples as per the
number of frame samples for the respective video, but did not perform any extra smoothing
or realigning on the signal. This was followed by manually removing the garbage cases from

the data which would affect learning.

Oi0  0O000000ioU 00 Ooooo oo booooooo

The primary objective of this study is to incorporate natural variations in video data during

the training process. To achieve this, extreme cases including occlusion, spatial motion, par-
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Face Skin
=R

Figure 3.1: Example outputs of some of the important cases using our ROI pipeline. The
system extracts the face region and detects skin while excluding major facial hair and diver-
gent factors such as reflections from eyeglasses.
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tial frame visibility, and more than just angular movement, must be preserved. Traditional
face detection methods, such as center-crop, Haar cascade, and Seetaface, are insufficient for
identifying faces with racial variations or handling complex scenarios involving occlusion and
spatial movement. Hence, we used MTCNN based face tracking and detection method, which
as illustrated in Figure 1.1, helped in both addressing the spatial motion-based variation as

well as detection of faces in different angles and natural scenarios in general.
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Figure 3.2: Our skin segmentation model is an FCN-based encoder-decoder network. This
subsystem generates a face mask in which skin pixels have been detected.
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Skin segmentation is a crucial step in training models for remote photoplethysmography
(iPPG), as it directs learning toward the important areas of the face from where signals
could be recovered. While previous research has emphasized the importance of skin pixels
and proper skin detection, there has been less consideration given to the need for having a skin
detection algorithm that would avoid facial hair, heavy skin illumination based reflection,
glare, etc. Most existing ROI detectors do not have the capability to exclude these regions
during learning. Additionally, when employing attention-based networks, it is often assumed

that the regions being focused on are exclusively comprised of skin.

To address these problems, we have used a skin segmentation model as shown in Figure 3.2.
This is a fully convolutional network (FCN), with an encoder-decoder architecture. The
model was trained using the benchmark ECU dataset [31] using binary cross entropy loss

function and SGD optimizer. where the loss function could be represented as follows,

D ¢
Lskin = 1/N_ yilog(f(yi) + (1 yi)log(l f(yi) (3.1)

i=1
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where N represents the number of classes (here skin pixels and non-skin pixels), y; represents

labels, and f(y;) represents predicted probability.

This trained model gives a skin probability mask as the output which is used in our main
architecture to gain the output skin frame. To retrieve the skin frame, a thresholding op-
eration is performed on the mask generated from the FCN model such that 0 represented
non-skin pixels and 1 represented skin pixels. This computed mask is then multiplied with
the RGB channels of the original face frame thus giving us the required skin ROI from the
respective input video frame. While training the model along with the standard data aug-
mentation techniques variations like image color variation are also included to consider skin

segmentation during uncertain or extreme light effects.

The primary objective of this implementation is to focus on skin regions and eliminate areas
that include significant facial hair, heavy illumination points, and reflections from glasses
or skin in general. The architecture of the model is presented in Figure 3.2. Additionally,
Figure 3.1 illustrates some critical test cases from the UBFC-Phys dataset along with their
corresponding skin segmentation results, providing an intuition of how disregarding such
scenarios can lead to a lack of generality and natural scenario consideration in iPPG-based

model training.

0o Dooobobh ooad

Our proposed architecture is based on Shafer’s dichromatic reflection model (DRM) and
the mathematical analogy introduced by DeepPhys [5]. We can represent the time-varying

function of the RGB values of the k™ skin pixel in an image sequence as follows,
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